Abstract: Fault diagnosis and maintenance of a whole-building system is a complex task to perform. A wide range of available building fault detection and diagnosis (FDD) tools are only capable of performing fault detection using behavioral constraints analysis. However, the validity of the detected symptom is always questionable. In this work, we introduce the concept of the contextual test with validity constraints, in the context of building fault diagnostics. Thanks to a common formalization of the proposed heterogeneous tests, rule-, range-, and model-based tests can be combined in the same diagnostic analysis that reduces the whole-building modeling effort. The proposed methodology comprises the minimum diagnostic explanation feature that can significantly improve the knowledge of the building facility manager. A bridge diagnosis approach is used to describe the multiple fault scenarios. The proposed methodology is validated on an experimental building called the center for studies and design of prototypes (CECP) building located in Angers, France.
Introduction
Customarily, commercial and office buildings are equipped with building automation system (BAS) and supervisory controllers. Controller-based actions play an important role in achieving the desired level of indoor comfort after post-commissioning of existing building energy management systems (BEMS). Buildings are going to be more complex due to continuous integration of substantial amount of emerging technologies and higher user expectations [1] . In this context, technical malfunctions or unplanned contexts can have a huge impact on building operation and occupant comfort. To make a resilient building management system, it is important to identify the severity, cause, and type of each fault.
Building control alone is not enough to decide maintenance issues. Existing building management either suggests long planning or corrects the building anomalies by applying rule-based controller actions. Another available solution is set-point tracking, without knowing building inconsistencies [2] . However, in various situations, building operations enter conflicting situations when pre-defined corrective actions or set-point tracking is not enough to maintain the desired building performance. Tracking the set-point or following the rule-based controller actions could result in a poor energy building performance.
Therefore, building fault detection and diagnosis (FDD) plays an important role in managing the whole-building performance. There are several methods already proposed to tackle faulty operation of the building system. Moreover, a large number of methods rely on being model-based or data-driven.
In reality, it is difficult to set up a model taking into account all local contexts. On the other hand, data-driven models are challenged by the validity of sensor data and measurements. The present work discusses the different challenges and limitations of existing fault diagnosis methodologies. This paper presents an innovative whole-building diagnostic framework that addresses different challenges such as building system complexity and contextual validity of data.
The above figure illustrates the various steps of the proposed methodology. The first phase of the proposed framework is the designing of tests, (Figure 1 ). It includes analyzing the living zone to identify different building components and sub-systems along with associated variables. Furthermore, this step ends up with a deduced signature table after removing non-detectable components and merging non-discriminable ones. However, the second phase of the proposed framework is the run phase that counts collected sensor data and heterogeneous tests. The outcome of run phase gives a set of minimum possible diagnosis taking into account BRIDGE (FDI+DX) diagnosis analysis. Indeed, in the rest of the paper these two phases are narrated with the help of theoretical and practical evidence.
The concept of the contextual and heterogeneous tests is introduced in Section 3. These tests support the validity of diagnosed fault and are easy to model. Furthermore, a BRIDGE approach, coming from logical diagnosis, has been adopted to analyze a test in Section 5. Finally, the paper summarizes a case study to support the proposed tests and diagnosis methodology. 
Challenges and Issues
Over recent years, FDD has become an appealing area of research for building researchers. Various methodologies and tools have been developed to identify the faults in buildings to track the whole-building performance. Plenty of published research and survey papers are available to classify building diagnostic techniques [3] [4] [5] . Recently, building faults and failures have been covered at more granular level with an impact analysis in the terms of energy consumption and financial consequences [6, 7] . Hybrid diagnosis approaches have shown an improved result over the conventional model-based diagnosis approaches [8, 9] .
In general, all the major approaches that have been used for building diagnoses are quantitative (model-based) or qualitative (rule-based). Model-based methods rely on an analytical model, derived from a physical relation. In connection with buildings, it is impossible to develop a complete physical model accurately matching the reality for a whole-building system. The various phenomena such as heat transfer from facade and/or unplanned occupancy are challenging issues to model. In [10] , the whole-building-modeling issue was addressed by the model-based whole-building energy-plus model. Model-based diagnosis relying on behavioral constraints are assumed to be true in all circumstances. However, universally valid behavioral models i.e., valid whatever the context, are difficult to set up. On the other hand, qualitative models are not enough to cover all the possible actions by following rules. A systematic approach for test generations ends up with a huge number of tests and is difficult to handle [11] . In fact, tests derived from rules are challenged by their validity. For instance, testing indoor temperature without validating door or window position might lead to a false alarm.
In buildings, a huge amount of metered data is available from sensor measurement, and time-series-based statistical analysis could generate the fault pattern of particular appliances showing abnormal behavior. However, this method is challenged by a building's complexity and interconnecting devices. Data only reveals that some sensors or actuators are behaving properly. On the other hand, an occupant feedback-based diagnosis system is expensive to deploy in buildings due to a lack of man-machine-language interface [12, 13] . The delicacy of these methods is to support an easy detection and giving the first impression about faults. While accounting the whole-building performance, different faults can be categorized into four major categories-an inefficient or poor performance of building appliances, physical failures, wrongly programmed building management system and equipment, and finally, unplanned situations [5] .
The key challenges in building diagnosis are summarized below:
• modeling a complete building fault model integrated with all building components is too complicated a job to model • pure rule-based approaches alone are not actually able to cover all possible contexts • diagnosis of conflicting set-point and wrongly configured building equipment is very complicated • occurrence of combined fault is not given enough attention
Another major challenge in building diagnosis is explainability of a diagnosed result. Occupants or maintenance experts are willing to get involved in the diagnostic process and are interested in the Know-how process. This step could ease the diagnosis experience and maintenance strategy. In the present approach, the concept of minimum Diagnostic ExplAnation Feature (DEAF) has been adopted to develop all possible explanations for building anomalies.
Problem Statement
Current work highlights the following key challenges in building fault diagnoses:
• limitation of the number of behavioral constraints in model-based diagnoses • limitation of testing whole-building systems using rule-and pure model-based tests • combining faults coming from different building sub-systems
The following subsections explain these issues and proposed methodology in detail.
Need for Testing in Specific Context
Context modeling is a well-established research field in computer science. There are various terminologies and definitions have been proposed to explain the meaning of context. In [14] Dey, context is defined as:
"any information that can be used to characterize the situation of an entity, where an entity can be a person, place, or physical or computational object."
In buildings, such concepts are still at an immature level. However, a few interesting works are present in the literature. Fazenda [15] discusses the various aspects of context-based reasoning in smart buildings. In [16] , the authors proposed an additional level, i.e., "Context anomaly" for smart home anomaly management. In the domain of the fault diagnosis, a symptom is defined as an abnormal measurable change in the behavior of a system i.e., an indication of fault. The conventional model or rule-based behavioral tests are used only to generate symptoms. These models appear in the behavioral constraints (Definition 1) and it is assumed that a behavioral test could be applied to any situation without taking into account different contexts [17] .
However, a model valid for all contexts is difficult to set up and the validity of a test result is always questionable. There are various alarms that might trigger due to use of building system in the wrong context, for example:
1. An automated building with blind control that optimizes daylight use and saves energy consumption from artificial lights. In meantime, solar gain might increase the indoor temperature and force the heating, ventilation, and air conditioning (HVAC) system to cool down the space. This could be an issue for a building analytics team, and they might report over-consumption or abnormal behavior of a building system. However, this is a case of missing contextual validity [16] . 2. Similarly, an alarm showing poor thermal comfort could be initially addressed by analyzing the local context such as occupancy level, door or window positions, activity level, and interaction with an adjacent room or neighboring building, etc. 3. Diagnosis reasoning must differ in different scenarios, e.g., fault detection and diagnosis approaches should be different for normal working days and a vacation period.
Definition 1.
Let X (t,t+h) be a set of variables covering a time horizon h and K(X (t,t+h) ) be a set of constraints with K(X (t,t+h) ) ∈ D k if satisfied, where D k is a bound domain. A behavioral constraint set modeling the normal behavior (ok) is defined as:
where ¬ is negation that implies ¬ok = Not ok.
In contrast, the proposed contextual tests are more specific and offer an easy way to test the whole-building system considering various non-modeled events. The contextual test combining different events is based on validity constraints (Definition 2) for a test. In the field of intelligent diagnosis, the concept of validity constraint was initially introduced in [18, 19] .
In recent developments, energy management schemes are extended to the city and urban scale [20] . Various upper and lower level energy management schemes were proposed [21, 22] . Often, energy management schemes do not consider the component-level analysis in case of a discrepancy between expected and actual performance. In this sense, the proposed context-aware diagnostic framework could be easily integrated as a middle layer with existing energy management services to react over undesired situations.
Definition 2.
Let's introduce another set of constraints V(X (t,t+h) ) ∈ D v where D v is a bound domain, to define the validity of a behavioral constraint set (X is assumed to be a superset of the variables appearing either in behavioral or in validity constraint sets, i.e., some variables might not appear in both constraint sets). A behavioral constraint set modeling the normal behavior under validity conditions is defined as:
In a more generic explanation, validity is defined as a set of constraints that need to be satisfied for the related behavioral test. Testing a building system without checking the linked validity constraints could lead to an erroneous test result.
A practical example of a contextual test considering the building thermal performance is given below. Consider a behavioral model for the building (Figure 2 ) is estimating and testing the indoor temperature with a behavioral constraint, i.e., estimated temperature T est from model lies between the maximum temperature (T max ) and minimum temperature (T min ). However, no validity constraints are integrated with the test. Figure 2 illustrates the significance of the contextual test along with an example of an invalid event i.e., opened window. In this case, the following validity constraints need to be combined with behavioral constraints:
• Testing indoor temperature without verifying occupancy level might lead to a false alarm • The door and window position need to be verified because these inputs are not easy to model • Similarly, outdoor weather condition needs to be verified
In conclusion, validity is another kind of knowledge about the behavior. For a valid diagnosis analysis, each test needs to satisfy the validity and behavioral constraints simultaneously. Table 1 summarizes the way to combine both constraints, where K and V are behavioral and validity constraint sets. "No conclusion" test results or symptoms are not interesting for diagnosis purposes and must be discarded from the diagnostic analysis. 
Need for Heterogeneous Tests
Modeling from physics of a whole-building systems including building components requires a huge effort and there are various practical difficulties. For instance, there are several variables shared among the building sub-systems and these are difficult to model because of their intricate relationships. Using only pure model-based approaches, as in FDD, is a challenging job. To deal with building complexity issue, a unified approach to manage heterogeneous tests for diagnostic analysis is introduced in this work. In general, a test (Definition 3) is a process yielding a symptom and possible explanations. Heterogeneous tests are the combination of the rule-, range-, and model-based tests, derived from the same meta-knowledge [17] .
Range-based (Definition 4) tests are designed with the help of an upper and lower limit of tested variable. Diagnosis process starts when an observation violates the pre-defined threshold. However, in a building system, certain performance indicators do not require explicit ranges for diagnostic analysis. For instance, a ventilation fan must be consuming less power than the maximum rating. Such variables could be tested with the help of a rule-based test (Definition 5).
Definition 3.
A detection test is defined by:
A set of possible explanations in terms of component or item states such as:
A batch of data X (t,t+h) related to the of variables X = {x 1 , x 2 , . . . } covering a time period (t, t + h). It satisfies: Expert knowledge [23] helps to discover all possible explanations. Notwithstanding, rule-based tests such as expert knowledge are not enough to cover all the possible discrepancies with the set of rules. Moreover, these tests are limited to certain rules and unable to check the building performance at zonal level. A building system encompasses several zones with different zonal properties. To develop a global diagnostic approach, the present approach is extended to a low-level model-based zonal test (Definition 6). These models include all major easy-to-model building sub-systems, such as ventilation, heating system, appliances, etc.
Different Kinds of Contextual Tests
This section deals with the examples of different types of test and how it is possible to combine these tests for a diagnostic analysis.
Test1 (Indoor Temperature Test Leading to the Set-Point Deviation), Range-Based
Here is an example of a range-based test that verifies the indoor temperature (T in ) range in a building system. Test function (T in ) generates test results for the deviation of indoor thermal building performance. Possible fault explanations might include sensor-level fault, but sensor-level faults are excluded and considered to be non-faulty i.e., ok-state only. For instance: ok(sensor : indoor temperature (T in )) → obs(T in ) = T in where ok signifies the non-faulty behavior of temperature sensor and obs stands for an observed value. Possible fault explanations for this test combine all the major components that potentially affect a building's thermal performance. For example, unplanned occupancy ∨ broken radiator could be responsible for the poor thermal performance, where ∨ is logical OR. Indoor temperature test function is given as:
where Sensors used for behavioral and validity constraints are in ok state.
Test2 (Airflow), Rule-Based
This test analyzes the measured airflow from (Q measured air ) a ventilation system. A minimum required airflow (Q min air ) rate is set by the building management system. The test evaluates the mismatch between the measured and minimum required airflow. Possible explanations are derived from i f . . . then . . . else . . . implication" and help to establish a link between the test and faulty components.
Test2(obs(Q
where
Possible fault explanations for Test2: faulty supply or return fan ∨ broken ductwork ∨ faulty reconfiguration system ∨ electrical drive is out of order ∨ broken or pierced ventilation pipes ∨ clogged filters.
Required sensors for validity:
• obs(occupancy) : estimated based on power consumption and indoor CO 2 level • obs(door or window position) : contact sensor
Required measurement for behavior:
• obs(Q air ) : airflow meter measurement • obs(occupancy) : estimated based on power consumption and indoor CO 2 level • obs(door or window position) : contact sensor
Assumption:
Sensors used for behavioral and validity constraints are in ok state.
Test3 (Zonal Thermal Test), Model-Based
A simplified model is used for estimating the indoor temperature (T est ). Simplified models are easy to initialize due to fewer parameters and only account for zonal properties [24] . Estimated temperature (T est ) is compared with the measured temperature (T measured ) and ∆T is a small value. Likewise, like rule-and range-based tests, model-based tests must also satisfy the behavioral and validity constraints. For this test, possible explanations are obtained from the modeled component in considering the model.
Modal-based zonal test:
Analyzing Heterogeneous Tests
In practice, two diagnosis approaches have been widely adopted. The first is fault detection and isolation (FDI) supported by the control community [25] and focuses on model-based testing exclusively. FDI assumes abnormality in modeled behavior, which implies faults in the system. The second is inspired from artificial intelligence and known as logical diagnosis (DX) [26, 27] . The DX approach mainly deals with the static system and adopts consistency-based diagnosis (CBD). DX assumes that faulty behavior cannot be determined only by behavior; it should involve components. In recent scientific literature, the importance of component-level analysis applied to a complex system to improve decision-making is explained in [28, 29] . Moreover, multiple fault diagnosis is also a challenging task for FDI, though DX can deal with it easily.
To deal with the limitations of FDI and DX approaches, a group of contemporary researchers [18, 30, 31] have proposed a BRIDGE (FDI and DX) approach. The BRIDGE is applicable for both static and dynamic systems under certain conditions. The mainstay of the BRIDGE approach is the capability of finding a diagnosis with a component-level explanation.
In the present application, a logic-based BRIDGE [18, 32] with formal diagnosis is used for diagnoses analysis. An example of logical reasoning for Test is given below:
where ∧ is a logical AND operator with K and V as behavioral and validity constraints, respectively. BRIDGE uses the notion of normalized Hamming distance (d H ) (Definition 8) and the possible diagnosis explanation [18] . Moreover, it is assumed that an absence of symptoms does not imply an absence of defect. However, a restoration event such as a window closing could occur while performing the test over a batch of data. BRIDGE explicitly uses the diagnosis based on the row analysis of the signature table.
Diagnoses Explanation
All possible explanations from rule-, range-, and model-based tests are merged into a single fault-signature table for further analysis. It is a tabular representation of faults in the form of tests with (0) and (1) where (1) means a fault is potentially detected for the related test, otherwise (0). This table can be obtained from cause-consequence analysis between system component and linked test.
To explain the proposed approach, a short and concrete example is chosen below. Consider the following signature table that combines rule-, range-, and model-based test explanations. Furthermore, range-, rule-, and model-based tests are performed over the set of data. This set of data consists of behavioral and validity data for the tested variable.
Furthermore, the test result (Equation (5)) i.e., symptoms coming from above three tests are inconsistent (represented by 1):
This symptom could be explained in terms of a combination of non-zero elements in each row of the signature Table 2 . The conventional column-based diagnoses approach such as FDI could detect only a ventilation system as a fault. In contrast to FDI, the BRIDGE approach develops a row-based test Explanation for each inconsistent test. Furthermore, a possible explanation for the above symptoms could be given as:
Expl(Test3) = not ok(ventilation system) ∨ not ok(heating system) These explanations are considered to be all possible sets of conflicts that could be responsible for the related faults. A Hitting set algorithm (Definition 7) described in [26] , could be used for conflict analysis, which is depicted in Figure 3 . To follow a fault-isolation process, normalized Hamming distance measures the closeness between the observed symptom and each column of Table 2 . Knowing that Test1, Test2, and Test3 are giving faulty results (Equation (5)), the normalized Hamming distance (d H ) is given below. This distance is computed between the observed signature (Equation (5)) and each column of Table 2 .
Test not ok(ventilation system) not ok(heating system) not ok(duct) not ok(boiler)
Using Hamming distance analysis, it is very obvious that not ok(ventilation system) is a declared fault because it is closer to the first column in the test signature table. However, the bridge method goes to the next level of analysis based on test explanations and tries to find a minimum possible explanation for all faults. Also, ventilation is present in all test explanations marked as green, i.e., diagnosed in the beginning of HS-tree ( Figure 3) . Now, the other nodes follow an expansion considering the next set of explanation. In Figure 3 , nodes with green labels show the diagnosed component, while the nodes in the red represent the termination or blocked diagnosis process so that no additional work is required. The following equation shows the set diagnosed component achieved from Figure 3 .
In this example, diagnosis detects the problem in the ventilation, duct, and heating system. Hence, it will be easy to detect multiple faults in one diagnostic explanation.
An Application of Proposed Methodology for Center for Studies and Design of Prototypes (CECP) Building
In this section, a case study is presented to discuss the diagnosability issue in the so-called center for studies and design of prototypes (CECP) building, which is an energy-efficient building constructed in 2012 and located in Angers, France. The building has one floor, and about 20 rooms. The whole building is divided into 74 zones with two major parts, namely a workshop area of 700 m 2 and an office area of 1000 m 2 . About 30 people work in this building.
CECP follows the French energy efficiency building code RT-2005 for heating, cooling, ventilation, hot water supply, and lighting. According to the French building code, its energy consumption is labeled as 55.33 kWh/m 2 /year for the workshop area and 55.59 kWh/m 2 /year for the office area, respectively. A 3D view of the CECP building is shown in Figure 4 . Each zone in the building is different from the other in terms of temperature and comfort requirement. 
CECP Building Instrumentation
To monitor the CECP building, the following measuring points have been installed ( Figure 5 ).
• on-site weather station (temperature, relative humidity, horizontal radiation, wind speed, and direction) 
ARX (Auto Regressive) Thermal Model
An ARX model with exogenous input has been used to model the normal and fast dynamic behaviors of the CECP building. This is a simple-to-implement thermal model without deep mathematical knowledge of the building system under study. Moreover, this model neither takes into account the existing links between parameters nor the physical relationships between variables. The building energy simulation divides the office part into 74 thermal zones. Each zone in the building is different from the other in terms of temperature and comfort requirement. The inputs of the simulation correspond to measurements that were made in 2015:
• indoor temperature is the one that has been measured in each zone • internal gains come from measured electrical appliances (global measurement) • meteorological conditions that have been measured on site
The model takes into account parameters that have not been measured, for example:
• human presence.
Parameter identification :
Model parameters are estimated by the least-squares identification to minimize the error between estimation and measurements [33, 34] . Two sets of separated data set between January 2015 and December 2015 have been used for the estimation and validation process. All inputs are measured on site, and output of the model is estimated with the help of Equation (6). Mathematical representation:
Input: Output:
Output estimated temperature in office 009
Sensitivity analysis:
The goal of the sensitivity analysis is to highlight critical parameters for building performance. These are parameters whose values have a great influence on the model result. The implementation of a performance contract could therefore contain a clause concerning these parameters. Morris method is used to perform the sensitivity analysis. The objective here is not to precisely know the value of the effects of each parameter, but rather to rank or even select the most influential parameters. The standard deviation of the associated elementary effects is also calculated in the following table (Table 3) . Each parameter is associated with a high and a low value defining a range of uncertainty chosen by an expert and/or by comparison with the scientific literature. 
Simulated Fault Scenario
TRNsys (simulation software) with interface TRNBuild and TRNsys Simulation Studio (graphical front-end) have been used to simulate the building faults. TRNBuild interface allows adding the non-geometrical properties such as wall and layer material properties, window and door properties, thermal conductivity and different gains etc. In the present work, these values are taken from the French building code. Table 4 and Figure 6 show the simulated fault scenario over a data set, namely Batch 1, Batch 2, and Batch 3, for a 24-hour duration.
Faults are simulated by adding or tuning different parameters in the fault model. The detail of simulated faults is given below:
• open window: using a TRNsys model • unplanned occupancy: considered to be abnormal occupancy, i.e., a large number of occupants are more present than allowed. In this scenario 10 occupants are considered; however, the usual occupancy is 4 • unplanned appliances: use of additional appliances, causing internal heat gain and over-consumption. In the present case study, a heater of 2 kW/h is simulated as the unplanned appliance Table 4 . Simulated fault scenario.
Hour Simulated Fault Data Set Used
window is open Batch 1 [7] [8] window is open [8] [9] window is open [9] [10] window is open 10-11 unplanned appliances, unplanned occupancy 11-12 unplanned appliances, unplanned occupancy 12-13 unplanned appliances, unplanned occupancy Batch 2 13-14 unplanned appliances, unplanned occupancy 
Tests Analysis for (CECP) Building
In this case study, only the thermal performance of the building has been tested. The range and model-based tests are proposed in Sections 4.1 and 4.3. A range-based thermal test confirms a thermal discomfort and symptom manifest when the indoor temperature goes beyond the comfort boundary, i.e., 18 • C (T min ) and 22 • C (T max ). Figure 7 shows thermal discomfort is detected between the hours of 6 to 169. Beyond the maximum and minimum temperature range, a building enters the thermal discomfort zone. This test confirms the discrepancy in the building's normal thermal performance. An ARX model-based zonal test is used to test the thermal performance at the zonal level. A model-based zonal test (Section 4.3) is used to verify the zonal temperature. This test performs a comparison of the measured and estimated temperature. The thermal model verifies the thermal discomfort at the zonal or local level. This test yields the set-point deviation symptom along with the thermal discomfort. Figure 8 shows the measured and estimated temperature value. The zonal test is performed with the help of the linear regression model (Equation (6)) [33] . It compares whether the measurements follow the estimated temperatures or not. However, zonal temperature can adjust ±∆T • C = 2 • C.
Moreover, the following set of validity constraints are used to analyze the test validity.
These constraints verify the window position and occupancy level ( Figure 6 ).
Symptoms Analysis for CECP Building
This section demonstrates the experimental validation of the proposed diagnosis methodology. The tests were performed for the different building zones which include several offices and meeting rooms. Tests are derived from the one-week data collection from the CECP building. To make a concise explanation only the first 24-hours i.e., one day with three different scenarios and data set (Batch 1,2 &3), are accounted for in the fault analysis. Table 5 represents the test results in three different scenarios. Conclusions from Table 5 are:
• there is no inconsistency between the hours 0 and 5 which confirms the normal building operation.
• during the hours 5-6 only Test3 is inconsistent.
• in the period 6-10 Test1 shows no conclusion due to an open window in the morning.
•
finally, all tests demonstrate inconsistency in building performance during the 10 to 24. 
Heterogeneous Tests Analysis and Diagnosis Result
To simplify the approach, office room 009 of CECP building has been chosen for the diagnosis analysis. A few building components such as ventilation pipes, radiator, BEMS, etc. are considered to be possible test explanations. A heterogeneous test signature table below is developed, considering the range and model-based test.
Test explanations are computed from the all possible explanations given in Table 6 . These explanations have conflicting components and require further analysis. 
Scenario 1
Hour (0-5)
• Simulated fault: no fault has been simulated • Detected symptom
In this duration, both tests are consistent and satisfy the behavioral and validity constraints. No inconsistency is revealed.
Hour (5-6)
• 
∧ not ok(occupancy ∨ door or window position)
The fault explanation shows the problem could be an open window or unplanned occupancy. Also, poor or faulty ventilation system, wrongly configured BEMS, and unplanned appliances could be a considerable fault. Indeed, there is no simulated fault in this hour. So far, at this stage it is difficult to say what is the reason behind this inconsistency.
Scenario 2
Hour (6-10)
•
Simulated fault: open window • Detected symptom Test1 Test3 = no conclusion 1 → (no conclusion and inconsistent test result)
During the hours 6-10, Test1 shows no conclusion because of opening of the window and not considered for further analysis. However, Test3 is still inconsistent, which means the fault is still present in the system. The Test explanation is same as the previous scenario.
However, compared to the simulated fault scenario, the obvious reason behind this fault is not ok(door or window position). The actual fault scenario is the open window. Diagnosis analysis detects this fault along with other faults.
Scenario 3
Hour (10-24)
•
Simulated fault: unplanned appliances, unplanned occupancy • Detected symptom
In this duration, both tests show inconsistencies and a conflicting situation arising in the diagnosis. Therefore, the Hamming distance between observed symptom and Table 6 The simulated fault in this scenario is unplanned appliances and unplanned occupancy. BRIDGE diagnosis confirms that at least one of the combinations, i.e., (occupancy ∨ door or window) is faulty. However, the other simulated fault, unplanned appliance, is detected with faulty not ok(ventilation ∨ BEMS ∨ appliances), i.e., the issue with the ventilation system, unplanned appliances or failure of BEMS.
Furthermore, the diagnosis is terminated with at least two combinations of minimal diagnoses, which are: not ok(occupancy ∨ door or window position) AND not ok( f ilter ∨ radiator ∨ pipes) ∨ not ok(ventilation ∨ BEMS ∨ appliances) Diagnosis results are illustrated in Figure 9 . The results have proved that at least one of these combinations must be faulty. In conclusion, the proposed diagnosis approach can detect simulated faults with validity under the single and multiple fault scenarios. At the same time, the minimum diagnosis explanation addresses the all possible faults and reduces the further search process. 
Conclusions
The advantage of providing a building diagnostic system based on contextual tests and consistency analysis are three-fold. First, the validity of diagnosed fault can be verified easily. Proposed contextual tests are valid under certain contexts and relatively easy to apply under real building conditions. Second, the knowledge from heterogeneous tests can be combined into one fault diagnosis analysis. This scales down the whole-building fault modeling effort. Lastly, a minimum set of possible faulty components is derived from the consistency analysis method. Such explanations allow an easy fault-isolation process. The results show that the proposed methodology can diagnose multiple fault scenarios. Given the set of minimum explanations, a facility manager can determine what may be wrong with the building system being diagnosed. The limitation of the proposed contextual and heterogeneous tests is that they rely on an assumption i.e., non-faulty sensors and actuators. Moreover, a faulty sensor or measurement could disturb the applicability of the proposed methodology. The future of the proposed work is to develop a comprehensive whole-building fault-analytics tool that could incorporate sensor failures. Also, future work will focus on designing of different test at component level and sub-component level. We are willing to extend our approach for developing an interactive building fault diagnosis tool combining the domain expert knowledge and experience. 
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